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For prediction of properties of pure compounds in homologous series a shortcut ver-
sion of the authors’ QS2PR technique is introduced. The structure–structure relation-
ship between a target compound and three predictive compounds from its homologous
series is described in the short version with the number of carbon atoms and one eas-
ily calculated noncollinear molecular descriptor. This correlation provides predictions
of high precision for properties of members of the homologous series, if property data
for interpolation are available. It can also be used for short-range extrapolation with
precision similar to that of asymptotic relationships. The advantages of the proposed
method over the existing methods are that with the structural correlation parameters it
predicts all structure-dependent properties of the target and enables estimation of its
missing properties even if properties for only three predictive compounds are avail-
able. The method can also use as a descriptor the normal boiling temperature. � 2006
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Introduction

Pure component properties are essential to chemical engi-
neering calculations in such processes as steady-state and
dynamic simulation, process and product design, environ-
mental impact assessment, and hazard and operability analy-
sis.1 However, published experimental data are scarce and

often contradictory. Moreover, there are compounds for
which some properties cannot be measured (such as when

the compound decomposes before reaching its critical proper-
ties), and extrapolated values must be used. Therefore, it is

very important to develop reliable prediction techniques for
such compounds.

Correlations using only the number of carbon atoms for
predicting particular properties of compounds of some ho-
mologous series have been suggested by many authors.2,3

They are usually based on the Flory–Huggins ‘‘mers’’
approach. Because the carbon number–property relationships
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are asymptotic such correlations are often called ABCs (as-
ymptotic behavior correlations). A review of the state of the
art, including reference to the latest experimental data and a
new method, developed by the authors, was recently pub-
lished by a well-recognized team.4

In the above approach, a different ABC has to be derived
for each property. Typically, all available experimental prop-
erty data are used to determine the several constants in each
correlation. ABCs provide very high precision when used for
interpolation or for extrapolation close to the member with
the highest number of carbon atoms for which property data
are available.5 However, when extrapolating far from the
available data, the discrepancies of property values predicted
by different authors can be very significant.3,6,7 ABCs also
typically do not include some of the first members of the se-
ries for which the influence of the end groups is very strong.
To overcome the problems outlined, the correlations usually
use a starting property value and a limiting property value at
n ? ?, together with two or more adjustable parameters
characterizing the asymptotic influence of the repeating
groups.2,3 Group contribution methods assigning physical
meaning to some of the parameters have also been proposed
for homologous series.4,8,9

In any case all parameters have to be determined from ex-
perimental data. It can be expected that the accuracy of the
prediction (such as that of critical properties obtained for an
unstable target compound) deteriorates, because the measured
data for its neighboring compounds are less reliable, than for
the remote stable compounds, in the same homologous series.
Typically different authors choose different values for com-
pounds with n ? ?, which affects the predicted values.
Alternatively, prediction of standard liquid density (such as
at 208C) becomes hypothetical for compounds, which are
solid at the standard temperature. Because of experimental
problems the property data that can be measured are natu-
rally limited. For instance, only recently have data for the
critical properties of n-alkylcyclohexanes up to n-butylhexane
been obtained.10 Thus, deviations of long-range predictions
cannot really be judged.

Despite the difficulties, prediction with adequate precision
especially for compounds with higher numbers of carbon
atoms remains important for both theoretical and practical
reasons.4,9,11

Recently, Shacham et al.12 and Brauner et al.13 demon-
strated that most pure component properties of a target com-
pound can be represented, with high precision, as a linear
combination of the same properties of structurally similar
predictive compounds. The structurally similar predictive
compounds are identified by a structure–structure correlation,
derived from calculated molecular descriptor data for the
target and the potential predictive compounds. Structure-
dependent properties of the target compound can then be pre-
dicted by replacing the molecular descriptor values of the
predictive compounds [on the right-hand side (rhs) of the
structure–structure equation] by the corresponding property
values. Thereby, a property–property correlation is obtained
by a method denoted as QS2PR (quantitative structure–structure–
property relationship).

The development of QS2PRs requires access to a large
database of molecular descriptors. In our previous studies,
we used a descriptor database with 99 molecular descriptors

for 260 hydrocarbons and data for the normal boiling temper-
atures, the critical properties, and the liquid densities of the
compounds5,11 and derived the structure–structure correla-
tions with a stepwise regression algorithm (the SROV pro-
gram) of Shacham and Brauner.14 Details about the database
were presented in our previous publications (see, for exam-
ple, Brauner et al.15). However, it seems reasonable to expect
that the number of the necessary predictive compounds and
descriptors is determined by the structural variation of the
target compounds and the range of extrapolation required.

Consequently, the potential for simplifying the QS2PR
technique for members of homologous series in which the
structural variation is naturally limited is explored in this ar-
ticle. The DIPPR16 and the NIST17 databases are used as
sources of published (experimental or predicted) property
data.

Principles of the QS2PR Technique

Because the QS2PR technique was previously described in
detail,12 here we provide only a brief outline of its main fea-
tures as an introduction to its shortcut application to mem-
bers of homologous series.

Let us assume that the vector of properties of the target
compound y (the dependent variable) is potentially related to
a set of m vectors of properties of predictive compounds (in-
dependent variables) x1, x2 , . . . , xm. The following partition
of the y and x vectors to subvectors is used:

y ¼ yc
yp

� �
xi ¼ xcj

xpj

� �
(1)

where yc is an N vector of known properties; yp is a K vector
of unknown properties. Both the N vector xcj and the K vec-
tor xpj contain known properties. Typically, the subvectors yc
and xcj contain properties that are directly related to the mo-
lecular structure and can be calculated with high accuracy
(molecular descriptors), whereas the subvectors yp and xpj
contain measured properties with various levels of experi-
mental error. We seek to model the structure–structure rela-
tionship between yc and the independent variables xc1,
xc2,. . .,xcm by a linear regression model, with the general
form

yci ¼ b1xc1i þ b2xc2i � � � bmxcmi þ ei (2)

where the weighing factors b1, b2. . .bm are the model param-
eters to be estimated and ei represents independent normal
errors of a constant variance.

The practical application of Eq. 2 requires preparation of a
bank of potential predictive compounds as a database. The
same set of molecular descriptors must be defined for all
compounds included in the database, whereas the span of the
molecular descriptors should reflect the difference between
the compounds in the database. Having the corresponding
molecular descriptors for a target compound yc defined as
well, a stepwise regression procedure is applied to the data-
base to identify the most appropriate predictive compounds
that should be included in the structure–structure regression
model (Eq. 2) and obtain the respective model parameters.
Upon identifying the model parameters, the following equa-
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tion can be used to predict unknown properties of the target
compound:

yp ¼ b1xp1 þ b2xp2 � � � bmxpm (3)

The properties that can be predicted for the target compound
include all properties that are available for all the predictive
compounds included in the structure–structure correlation.

Application of the QS2PR Method to
Homologous Series

Application of the QS2PR method to predict properties of
members of homologous series, and the basis for the develop-
ment of simplified correlations in this case, will be demon-
strated with the n-alkane series. Data for selected members of
this series are shown in Table 1. The data include the normal
boiling temperature (Tb), the critical temperature (Tc), the criti-
cal pressure (Pc), and three molecular descriptors—number of
carbon atoms, molecular mass, and the integer Wiener index—

calculated as described by Labanowski et al.18 The latter will
be used for the simplified version of the QS2PR for homolo-
gous series (SC-QS2PR) as shown below.

Applying the QS2PR technique with all 99 descriptors to
select predictive compounds for n-tridecane (compound No. 6
in Table 1, target compound) yields a large number of poten-
tial structure–structure correlations with three predictive com-
pounds that achieve the precision needed to predict the proper-
ties of the target. The predictive compounds included in the
various models, the standard deviation of the structure–struc-
ture correlation, and the percentage error in predicting Tb, Tc,
and Pc of the target compound are shown in Table 2.

The errors in the predicted values of Tb and Tc are all
<1%, which is of the same level as the experimental error
(reported in the DIPPR database16) for most of the com-
pounds involved. The error in the predicted Pc seems high in
cases IV and V (5.84 and 9.39%, respectively), although the
experimental error reported for this property is even higher
(about 10% for n-tridecane and 25% for n-eicosane, for
example).

Table 1. Selected Molecular Descriptors and Properties for Members of the n-Alkane Homologous Series

No. Compound C Atoms
Molar
Mass

Wiener’s
Index*

Temperature (K)*
Critical Pressure

(MPa)*Boiling Critical

1 n-Octane 8 114.232 84 398.7 568.7 2.49
2 n-Nonane 9 128.259 120 423.8 594.6 2.29
3 n-Decane 10 142.286 165 447.2 617.7 2.11
4 n-Undecane 11 156.313 220 468 639 1.98
5 n-Dodecane 12 170.340 286 489 658 1.82
6 (target) n-Tridecane 13 184.367 364 507 675 1.68
7 n-Tetradecane 14 198.394 455 523 693 1.57
8 n-Pentadecane 15 212.421 560 543.78 708 1.48
9 n-Hexadecane 16 226.448 680 559.94 723 1.40
10 n-Heptadecane 17 240.475 816 575.3 736 1.34
11 n-Octadecane 18 254.502 969 589.86 747 1.29
12 n-Nonadecane 19 268.529 1140 603.76 755 1.16
13 n-Eicosane 20 282.556 1330 616.92 768 1.07
14 n-Beneicosane 21 296.583 1540 629.65 778 1.03

*From the database of Cholakov et al.11

Table 2. Potential Structure–Structure Correlations and Model Precision Indicators for Representing the Properties of
n-Tridecane (Target Compound)

No. Compound

Predictive Compounds Included in Models No.

I II III IV V

1 n-Octane *
2 n-Nonane *
3 n-Decane *
4 n-Undecane *
5 n-Dodecane *
6 n-Tridecane target target target target target
7 n-Tetradecane *
8 n-Pentadecane * *
9 n-Hexadecane *
10 n-Heptadecane * *
11 n-Octadecane *
12 n-Nonadecane *
13 n-Eicosane *
14 n-Heneicosane *

Model precision indicators Standard deviation 1.70E�04 1.79E�04 3.34E�04 3.67E�04 6.08E�04
Prediction error (%) in Tb 0.69 0.79 0.42 0.48 0.5
Prediction error (%) in Tc 0.28 0.89 0.65 0.62 0.45
Prediction error (%) in Pc 0.58 0.51 1.99 5.84 9.39
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The above example demonstrates that when the QS2PR
technique is applied to property prediction of members of ho-
mologous series, the limited structural change within a ho-
mologous series allows for adequate representation of the tar-
get structure with only three (sometimes even two) predictive
compounds. Therefore, for homologous compounds the
QS2PR method can be simplified, given that only three pa-
rameters would be required in a structure–structure correla-
tion with three predictive compounds.

The Shortcut Version of the QS2PR Method
(SC-QS2PR) for Homologous Series

As shown below, the minimum information required for
deriving a structure–structure relation for a target compound
in terms of three predictive compounds, which are all mem-
ber of the same homologous series, is the availability of two
noncollinear molecular descriptors for both the predictive
and the target compounds.

To find the coefficients of the structure–structure relation,
yc ¼ �3

j¼1bjxcj the following system of three linear equations
has to be solved:

b1 þ b2 þ b3 ¼ 1

b1np1 þ b2np2 þ b3np3 ¼ nt

b1xC1 þ b2xC2 þ b3xC3 ¼ yC ð4Þ

where np1, np2, and np3 are the numbers of carbon atoms of
the predictive compounds and nt is the number of carbon
atoms of the target compound. The first expression in the Eq.
4 system reflects the influence of descriptors that have the
same value for the target and predictive compounds (such as
the number of CH3 groups in the n-alkane series). The last
expression in the Eq. 4 system must be applied with a molec-
ular descriptor that is noncollinear with the number of carbon
atoms (and is not identical for all the predictive compounds).
The integer Wiener’s index (W) with traditional presentation
of bonds was chosen for the present work because it is easily
calculated from the distance matrices of the molecules:

W ¼ 1

2

X
i;j

dij (5)

where the compound is represented by a hydrogen depleted
molecular graph; dij represents the elements of the distance
matrix—the number of edges (bonds) in the shortest path
between vertices (atoms) i and j; the sum runs over the num-
ber of edges between all pairs of vertices of the graph.16 For
members of homologous series simple shortcut formulae can
be worked out. Regression of the W indices calculated by
Eq. 5 for the n-alkanes, for instance, gives a formula that
reproduces the integer values of W with sufficient precision:

W ¼ 0:16667n3 � 0:16667n (6)

where n is the number of carbon atoms, the integer values of
W. Equation 6 also t demonstrates hat W is noncollinear with
the number of carbon atoms because n3 is obviously a non-
linear term. Collinearity leads to the nearly singular or singu-
lar coefficient matrix in Eq. 4, thus preventing one from
obtaining an accurate solution to this system.

The effects of collinearity (often referred to as ‘‘degree of
coupling’’ between the parameters) can be best assessed
using the condition number of the matrix of coefficients of
Eq. 4. The condition number is defined as k(A) ¼ kAk
kA�1k, where

A ¼
1 1 1

np1 np2 np3
xc1 xc2 xc3

2
4

3
5

The condition number provides an estimate on the upper
bound of the relative errors in the calculated parameter
values. Thus, kDb/bk � k(A)kDxc/xck, where Dxc repre-
sents the noise (rounding errors) in the xc values (such
as the Wiener index data). A higher level of collinearity
between the descriptors (higher degree of coupling) leads
to larger k(A) values, which in turn causes a greater
change of parameter values when a small change in
the descriptor values is introduced. Thus, variation in the
calculated parameter values can be minimized by select-
ing descriptors with a low level of collinearity with
the number of carbon atoms (that is, low condition num-
ber) and by representing the calculated xc values at high
accuracy.

Noncollinearity with the number of carbon atoms can be
easily verified by dividing the molecular descriptor values by
the number of carbon atoms. A constant (or nearly constant)
value of this ratio for the whole series indicates collinearity.
For example, dividing the molecular masses in Table 1 by
the respective carbon atom numbers yields a nearly constant
value (between 14.279 and 14.123). In contrast, dividing the
Wiener’s index by the carbon atom numbers yields the se-
ries: 10.5, 13.33, 16.5, 20,. . . .

Equation 4 can be rewritten in an explicit form:

b3 ¼
ðyC � xC1Þðnp2 � np1Þ � ðn1 � np1ÞðxC2 � xC1Þ
ðxC3 � xC1Þðnp2 � np1Þ � ðnp3 � np1ÞðxC2 � xC1Þ

b2 ¼ � np3 � np1
np2 � np1

b3 þ
n1 � np1
np2 � np1

b1 ¼ 1� b2 � b3 ð4aÞ

After the coefficients b1, b2, and b3 have been determined by
solving Eq. 4a, they are introduced into Eq. 3 to obtain the
desired properties of the target compound. The maximal error
in the predicted property value (Dyp) can be estimated using
the experimental errors reported for the predictive compound
data (Dxpi) and the error propagation formula, whereby
Dyp ¼ �ijbijD xpi.

If there are only two predictive compounds, for which
experimental data are available, and they are in the near vi-
cinity of the target, a structure–structure relation based on
the number of carbon atoms only can be used. Then Eq. 4
is reduced to b1 ¼ (nt � np2)/(np1 � np2); b2 ¼ 1 � b1. It
should be noted, however, that the use of more than three
predictive compounds can be beneficial in obtaining more
accurate predictions (as in long-range extrapolation). In
such cases, the number of noncollinear molecular descrip-
tors and coefficients, and thus also the number of equa-
tions, must be increased to match the number of the predic-
tive compounds.
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Applying the SC-QS2PR Method for
Homologous Series

Property prediction with the coefficients of the
structural correlation

The SC-QS2PR method outlined above was tested with
members of the n-alkane, 1-alkene, n-alkylcyclopentane, n-
alkylbenzene, 1-n-alcohol, 1-n-alkylcarboxylic acid, 1-n-Cl-
alkane, and 1-Br-n-alkane homologous series and found to be
applicable to all of them. This result could be expected
because from a structural perspective, in homologous series
only the functional groups are different. Herein, capabilities
of the SC-QS2PR method to predict numerous properties of
the target, when experimental data for the predictive com-
pounds are available, are illustrated with ethylcyclopentane,
heptanoic acid, and 1-hexanol as target compounds.

The data used to derive the structure–structure correlation
for the various compounds are shown in Table 3. For ethyl-
cyclopentane, three of the neighboring compounds—methyl-,
propyl- and butyl-cyclopentane—were used as predictive
compounds. Introducing the numerical values of the number
of carbon atoms and Wiener’s index into Eq. 4 yields the fol-
lowing results: b1 ¼ 0.34783, b2 ¼ 0.95652, and b3 ¼
�0.30435. These coefficients are used in the property–prop-
erty correlation to predict various properties of ethylcyclo-
pentane. For example, introducing the boiling point data
from Table 3 and the coefficients into Eq. 3 yields an esti-
mate for the boiling temperature of ethylcyclopentane:

ð0:34783Þ � ð344:96þ 0:95652Þ � ð404:11� 0:30435Þ
� ð429:8Þ ¼ 375:72 K

Comparison of the predicted value with the experimental
data shown in Table 3 (376.62 K) indicates a prediction error
of 0.24%.

By introducing experimental data for other properties of
the predictive compounds in the structure–structure correla-
tion, the respective properties for the target compounds can
be similarly predicted. Table 4 shows the errors in predicting
28 constant properties of the three target compounds using
the so-obtained property–property relations. Out of the 84
predicted property values, the prediction error is <1% in 58
cases. In most cases, when the prediction error is >1%, it is
still consistent with the experimental error level reported by
DIPPR.16 For example, the prediction error in the critical

volume of heptanoic acid is 3.76%, whereas the ‘‘reliability’’
of these property data in the DIPPR database is <5%
(meaning that the experimental error is believed to be
<5%).16 The prediction error in the lower flammability limit
of 1-hexanol is 8.33%, whereas the reported reliability is
<25%.

The prediction errors in the properties associated with the
solid phase (melting point temperature and heat of fusion at
the melting point) are inconsistent with the reported experi-
mental errors. It should be noted that similar inconsistency
exists, with respect to those properties, when the full-scale
QS2PR method is used (see Brauner et al.15). These proper-
ties require specific descriptors, which at present are not
available in the authors’ database to describe the different
packing of the molecules with odd and even numbers. A
comprehensive review and explanation of the problems with
predicting properties of the solid phase, complemented with
originally developed suitable descriptors and adequate mod-
els, can be found in a recent publication.19

Influence of the distance from the target
on prediction quality

Calculation of the various QS2PR parameters is carried
out using the shortcut QS2PR. That is, only the number of
carbon atoms and Wiener’s index are used, instead of the
vector of the 99 descriptors used earlier. The resultant pa-
rameter values are shown in Table 5.

The prediction errors (obtained by comparing reported and
predicted values) for the various models and properties using
the parameter values of Table 5 are shown in Table 6. The
data for the properties of all compounds are experimental.
The prediction errors are similar (and even smaller) when
compared to those obtained using the full version of the
QS2PR technique (see Table 2). The excessive prediction
errors for Pc in cases IV and V can be explained by the ex-
cessive experimental error level for this property (such as a
level of 10% for n-tridecane and 25% for n-eicosane). Thus,
it can be concluded that the SC-QS2PR method yields pre-
diction errors within experimental error level irrespective of
the distance between the target and the predictive compounds
when interpolation is used. Although similar precision can be
obtained with asymptotic correlations of the carbon number,
one obvious advantage of the SC-QS2PR method is that the
coefficients of the structural correlation are used to predict

Table 3. Structure–Structure Correlation Data and Coefficients for Ethylcyclopentane, Heptanoic Acid, and 1-Hexanol

No. Compound C Atoms Wiener’s Index Boiling Temp. (K)* Coefficient

1 Methylcyclopentane 6 26 344.96 0.34783
2 (target) Ethylcyclopentane 7 43 376.62
3 Propylcyclopentane 8 67 404.11 0.95652
4 Butylcyclopentane 9 99 429.8 �0.30435

1 Hexanoic acid 6 79 478.85 0.34483
2 (target) Heptanoic acid 7 114 496.15
3 Octanoic acid 8 158 512.85 0.96552
4 Nonanoic acid 9 212 527.15 �0.31034

1 1-Pentanol 5 35 410.9 0.34783
2 (target) 1-Hexanol 6 56 430.44
3 1-Heptanol 7 84 447.3 0.95652
4 1-Octanol 8 120 467.85 �0.30435

*From the database of Cholakov et al.11
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all structure-dependent properties. Because the influence of
the distance between the target and the predictive compounds
in the homologous series is not significant, prediction by
interpolation can be done even when experimental data for
only three predictive compounds in the series are known,
which is an additional advantage.

In the SC-QS2PR technique predictions are obtained by
summation instead of minimization of the experimental
errors of the predictive compounds (as in traditional QSPRs).
However, error propagation analysis shows that this does not
significantly affect the prediction results when interpolating.

If we assume that the experimental error is about the same
for all the predictive compounds (say Dxp) the propagated
error in the predicted property values of the target compound
can be estimated from the error propagation formula: Dyp ¼
Dxp Si |bi|. Using the coefficient values in Table 5 the error
multiplier Si |bi| can be calculated. It can be seen that the
value of this multiplier for interpolation is between 1.2 and
2.0 and it increases slightly with increasing distance of the
predictive compounds from the target compound.

Use of measured properties as descriptors

The SC-QS2PR technique can be applied by using meas-
ured properties instead of the calculated molecular descriptor
(such as Wiener index). This option is useful because an ex-
perimental value for the normal boiling temperature is avail-
able for many compounds.

Prediction of the properties of ethylcyclopentane, hepta-
noic acid, and 1-hexanol (shown in Table 4) was repeated
using the normal boiling temperatures of the predictive and
the target compounds instead of the Wiener index in Eq. 4a.
The experimental normal boiling temperatures shown in Ta-
ble 3 were used; the coefficients obtained for the various pre-
dictive compounds were different from those shown in Table
3. For example, the structure–structure relation obtained for
heptanoic acid as a target is heptanoic ¼ (0.44444 � hexa-
noic) þ (0.66667 � octanoic) � (0.11111 � nonanoic).
However, the predicted property values and the prediction
errors were not significantly different from those obtained by
using the Wiener index (shown in Table 4), and with no
clear trend that may indicate whether the use of the boiling
temperature or the Wiener index is more advantageous.

To further demonstrate the technique, properties of three
compounds from different homologous series were predicted
using the normal boiling temperature in the derivation of the
structure–structure correlation. The data used to derive the cor-
relations and the resultant coefficient values for the various
compounds are shown in Table 7. The target compounds are
butylcyclopentane, 1-chlorohexane, and 1-bromobutane. It
should be noted that in two of the cases the prediction involves
extrapolation (the predictive compounds for the target butylcy-
clopentane are methyl-, ethyl-, and propylcyclopentane; for the
target 1-chlorohexane the predictive compounds are 1-chloro-
propane, 1-chlorobutane, and 1-chloropentane).

Table 8 shows the prediction results for 23 constant proper-
ties of the butylcyclopentane using the so-obtained property–
property relations. The table shows the property values reported
in the DIPPR database16 and the assigned reliability, the ‘‘Data
type’’ (predicted experimental or defined), the value predicted
using the SC-QS2PR method, and the prediction error. It can be
seen that the prediction error is smaller (or much smaller) than
the ‘‘Reliability’’ of the data. (Note that for the acentric factor
no reliability is assigned because it is a defined property.)

Table 9 shows the predicted critical properties and liquid
molar volume at 258C for 1-chlorobenzene and 1-bromobu-
tane using the predictive compounds and property–property
correlation coefficients shown in Table 7. For 1-chlorohexane
experimental values are available only for Tb and Tc in the
NIST17 database, whereas for the predictive compounds all
data are available (experimental or predicted) in the DIPPR
database.16 Comparison of the predicted Tc value with the
experimental value shows excellent agreement. There are no
experimental data for Pc, but the predicted Tc/Pc ratio
(19.86) verifies well against the same ratio calculated from
UNIFAC parameters (19.28), as suggested by Zbogar et al.20

Table 6. Errors in Predicting the Properties of n-Tridecane
Using the Model Parameters of Table 5

Property

Percentage Error in Prediction of Property

I II III IV V

Boiling temperature 0.43 0.16 0.04 0.24 0.67
Critical temperature 0.19 0.07 0.19 0.16 0.77
Critical pressure 0.23 1.00 2.49 5.93 9.33

Table 5. Structure–Structure Correlation Parameters by Eq. 4 for n-Tridecane (Target Compound)

No. Compound

Coefficients of Models No.

I II III IV V

1 n-Octane 0.340426
2 n-Nonane 0.34585
3 n-Decane 0.355556
4 n-Undecane 0.348837
5 n-Dodecane 0.341463
6 n-Tridecane target target target target target
7 n-Tetradecane 0.97561
8 n-Pentadecane �0.31707 0.953488
9 n-Hexadecane 0.933333

10 n-Heptadecane �0.30233 1.065217
11 n-Octadecane 1.191489
12 n-Nonadecane �0.28889
13 n-Eicosane �0.41107
14 n-Heneicosane �0.53191
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For the case of 1-bromobutane, all the pertinent data are
available for both the target and the predictive compounds in
the DIPPR database (experimental or predicted data). The
prediction error for all the properties is well below the ‘‘reli-
ability’’ of the data (<10% for Pc, for example).

To further verify those results we repeated all the calculations
done with the Wiener index (shown in Table 7), using instead the
normal boiling temperature as the noncollinear descriptor. No signif-
icant difference between the accuracy of the predictions was found.

It should be noted that when Tb is used as a descriptor, its
experimental error also has to be considered when estimating
the maximal error in the predicted property using the error
propagation formula. The equations that apply in such a case
are shown in the Appendix.

Long-range extrapolation

It was shown in the previous sections that the SC-QS2PR
method yields predictions of most properties within experimen-

tal level when interpolation (narrow or wide range) or short-
range extrapolation are involved. To test the applicability of the
SC-QS2PR technique to property predictions, which involve
extrapolation to high numbers of carbon atoms, we tested the
possibility of predicting the boiling point temperatures of nor-
mal alkanes of 22 to 60 C atoms. The predictive compounds
used are n-nonadecane, n-eicosane, and n-heneicosane. These
were selected because they are the alkanes of the highest car-
bon number for which experimental boiling temperatures are
available in the DIPPR database. The NIST17 database pro-
vides four additional experimental values—up to C25—but
these were used only to check the predictions.

The predicted Tb values are shown in Figure 1, where they
are compared with values predicted by the methods of Marano
and Holder,2 Chickos,9 and Brauner et al.13 It can be seen that
up to C36 the SC-QS2PR gives predictions that are consistent
with the other two techniques. However, for C40 and higher
numbers of C atoms, the trend indicated by the SC-QS2PR
predictions is wrong, whereby the predicted Tb values decrease

Table 8. Percentage Error in Predicting Properties of Butylcyclopentane

No. Property Units

DIPPR Database16 SC-QS2PR Prediction

Reported Value Data Type Reliability Value Prediction Error (%)

1 Critical temperature K 621 Predicted <5% 617.93 0.49
2 Critical pressure Pa 2.7Eþ06 Predicted <10% 2.64Eþ06 2.78
3 Critical volume m3 kmol�1 0.483 Predicted <25% 0.480 0.69
4 Crit compress factor Unitless 0.254 Defined None 0.251 1.09
5 Liq molar volume m3 kmol�1 0.161572 Experimental <1% 0.1619681 0.25
6 IG heat of formation J kmol�1 �1.68Eþ08 Experimental <3% �1.69Eþ08 0.60
7 IG Gibbs of formation J kmol�1 6.2Eþ07 Defined <3% 6.20Eþ07 0.25
8 IG absolute entropy J kmol�1 K 4.54Eþ05 Experimental <3% 4.5.þ05 0.54
9 Std heat of formation J kmol�1 �2.14Eþ08 Experimental <1% �2.15Eþ08 0.67
10 Std Gibbs of formation J kmol�1 4.91Eþ07 Defined <1% 4.94Eþ07 0.57
11 Std absolute entropy J kmol�1 K 3.44Eþ05 Experimental <1% 3.4.þ05 0.71
12 Std net heat of comb J kmol�1 �5.50Eþ09 Experimental <1% �5.50Eþ09 0.00
13 Acentric factor Unitless 0.37188 Defined None 0.3899373 4.86
14 Radius of gyration M 4.63E�10 Defined <3% 4.541E�10 1.92
15 Solubility parameter (J � m�3)0.5 1.64Eþ04 Defined <5% 1.65Eþ04 0.34
16 van der Waals volume m3 kmol�1 9.09E�02 Defined <1% 9.08E�02 0.11
17 van der Waals area m2 1.16Eþ09 Defined <1% 1.15Eþ09 0.68
18 Refractive index Unitless 1.4293 Experimental <0.2% 1.4288 0.03
19 Flash point K 305 Predicted <5% 305.2 0.07
20 Lower flamm. limit vol % in air 0.8 Predicted <10% 0.7778177 2.77
21 Upper flamm. limit vol % in air 5.9 Predicted <25% 6.6989209 13.54
22 Lower flamm. limit temp. K 306 306.22542 0.07
23 Upper flamm. limit temp. K 345 347 0.58

Table 7. Structure–Structure Correlation Data and Coefficients for Butylcyclopentane, 1-Chlorohexane, and 1-Bromobutane

No. Compound C Atoms W Boiling Temp. (K)* Coefficient

1 (target) Butylcyclopentane 9 99 429.80
2 Methylcyclopentane 6 26 344.96 0.443645
3 Ethylcyclopentane 7 43 376.62 �1.887290
4 Propylcyclopentane 8 67 404.11 2.443645

1 (target) 1-Chlorohexane 6 56 408**
2 1-Chloropropane 3 10 319.67 1.794872
3 1-Chlorobutane 4 20 351.58 �4.589744
4 1-Chloropentane 5 35 381.54 3.794872

1 (target) 1-Bromobutane 4 20 374.75
2 1-Bromoethane 2 4 311.5 �0.638767
3 1-Bromopropane 3 10 344.15 1.548458
4 1-Bromoheptane 7 84 452.05 0.090308

*Data from the DIPPR database.16

**Value from the NIST17 database.
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with the carbon number rather than increase. This trend can be
explained by inspection of Table 10, showing the structure–
structure correlation parameters and the error multiplication
factors (Si |bi|) associated with various extrapolation distances.
The absolute values of the model parameters are significantly
larger than those obtained with interpolation, and they increase
with increasing extrapolation distance. Consequently, the error
multiplication factor is already >7 for extrapolation to n-doco-
sane, whereas this factor was <2 for all the cases that involved
interpolation. The error multiplication factor grows very fast
with extrapolation distance and reaches >1000 for C40.
Although the factor provides only the upper limit of the propa-
gated error, and the real error is probably much smaller, its
increasing value can explain the large errors associated with
long-range extrapolations.

The trends of the predictions provided by the other three
methods are correct, with up to 4% differences between their
respective predicted values. The method of Marano and
Holder2 yields the highest values and the method of Chickos9

the lowest predictions, whereas the targeted QSPR method
yields values in between these values. It should be pointed out
that the full-scale QS2PR method12 using the same predictive
compounds (with 19, 20, and 21 C atoms) but 99 molecular
descriptors, yields predictions that are very close to the values

predicted by the other methods (Tb ¼ 804 K for C40, Tb ¼ 830
K for C44, and Tb ¼ 898 K for C60). This demonstrates that
the limited number of descriptors included in the SC-QS2PR
model (Eq. 4) does not contain a sufficient amount of informa-
tion to allow for long-range extrapolation. Identification of
exactly what amount of structural information is needed for
such tasks and how the amount of information relates to the
range of extrapolation will be the object of our further studies.

Conclusions

It has been demonstrated that for homologous series, a
simplified structure–structure relationship, based on three
predictive compounds, can be derived using the number of
carbon atoms and one additional noncollinear molecular
descriptor. The so-obtained shortcut QS2PR model yields
prediction within the experimental error level for liquid-
phase and gas-phase properties if the correlation is used for
interpolation or close-range extrapolation, as demonstrated
with members of six homologous series, including hydrocar-
bons, oxygen, and halogene compounds.

Comparison with the existing QSPR,11 QS2PR,12 targeted
QSPR,13 and asymptotic behavior correlations2 shows that
when used for interpolation and short-range extrapolation the
proposed method provides the same precision. However,
because it is a QS2PR method, the coefficients of the struc-
tural correlation are used to predict all structure-dependent
properties. It can still estimate the properties of the target
when experimental data for only three (or even two) com-

Table 10. Structure–Structure Model Parameters and Error
Multiplication Factors in Extrapolation

No. of
C Atoms

Coefficient
Error Multiplication

Factor:
P

i |bi|b1 b2 b3

22 1.05 �3.1 3.05 7.20
23 3.2 �8.4 6.2 17.80
24 6.5 �16 10.5 33.00
25 11 �26 16 53.00
26 16.75 �38.5 22.75 78.00
27 23.8 �53.6 30.8 108.20
28 32.2 �71.4 40.2 143.80
29 42 �92 51 185.00
30 53.25 �115.5 63.25 232.00
32 80.3 �171.6 92.3 344.20
35 133 �280 148 561.00
36 154 �323 170 647.00
40 256.5 �532 276.5 1065.00
44 391 �805 415 1611.00
60 1313 �2665 1353 5331.00

Figure 1. Predicting Tb for normal alkanes with high C
numbers by SC-QS2PR extrapolation.

Comparison with other prediction methods: TQSPR
(Brauner et al.13); TbM-H (Marano and Holder2); and TbCS
(Chickos9).

Table 9. Prediction Error in Predicting Properties of 1-Chlorohexane and 1-Bromobutane

No. Property Unit

1-Chlorohexane 1-Bromobutane

Reported
Value*

Predicted
Value

Prediction
Error (%)

Reported
Value**

Predicted
Value

Prediction
Error (%)

1 Critical temperature K 594.6 597.7 0.53 577 579.34 0.41
2 Critical pressure Pa 3.01Eþ06 4.54Eþ06 4.64Eþ06 2.22
3 Critical volume m3 kmol�1 0.404 0.319 0.318 0.31
4 Crit. compress factor Unitless 0.246 0.302 0.311 2.98
5 Liq molar volume† m3 kmol�1 0.138 0.108 0.1077 0.28

*Value from the NIST database.17

**Data from the DIPPR database.16
†At 258C.
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pounds in the series are available. In contrast to most exist-
ing techniques, the proposed method provides an upper limit
of the prediction error using the experimental errors of the
predictive compound data and the error propagation formula.

When a long-range extrapolation is involved, the amount
of structural information used by the present SC-QS2PR
method might be insufficient to provide reliable property pre-
diction. To improve the prediction for long-range extrapola-
tion, the number of predictive compounds and descriptors
has to be increased. The more complex full-scale QS2PR
method12 and the targeted QSPR13 method are also appropri-
ate for long-range extrapolation. However, the authors intend
to carry out future investigations in greater detail with
respect to the balance between the structural variation of tar-
get compounds and the necessary number and information
quality of the predictive compounds and descriptors.
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Appendix: Estimating Prediction Error When
Experimental Values Are Used as
Descriptors

In case property values (such as boiling point), which are
subjected to experimental error, are used to calculate the
coefficients of the ‘‘structure–structure’’ relation (replacing
the Wiener index, for example), the maximal error in the pre-
dicted property value (Dyp) should also account for the addi-
tional error introduced in the calculated coefficients values,
bi. In this case, an estimate of error in the predicted property
value is given by

Dyp ¼
X
j

jbjjDxpj þ
X
j

xpjDbj (A1)

For three predictive compounds, yp ¼ �3
j¼1bjxpj, and the

Eq. 4a system are used to calculate the coefficient values.
The maximal errors in the parameter values arising from
errors in the values of yC and xCi (DyC and DxCi, respec-
tively) are then given by

Db1 ¼
ðnp3 � np2Þ
ðnp2 � np1ÞDb3

Db2 ¼ �ðnp3 � np1Þ
ðnp2 � np1ÞDb3

Db3 ¼
���� qb3qyC

����DyC þ
X3
i¼1

���� qb3qxCi

����DxCi ðA2Þ

with

qb3
qyC

¼ ðnp2 � np1Þ
ðxC3 � xC1Þðnp2 � np1Þ � ðnp3 � np1ÞðxC2 � xC1Þ

qb3
qxC3

¼ �ðnp2 � np1Þ
ðxC3 � xC1Þðnp2 � np1Þ � ðnp3 � np1ÞðxC2 � xC1Þ b3

qb3
qxC1

¼ ðn1 � np2Þ � ðnp3 � np2Þb3
ðxC3 � xC1Þðnp2 � np1Þ � ðnp3 � np1ÞðxC2 � xC1Þ

qb3
qxC2

¼ ðnp1 � n1Þ � ðnp3 � np1Þb3
ðxC3 � xC1Þðnp2 � np1Þ � ðnp3 � np1ÞðxC2 � xC1Þ
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